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Abstract 
 
Surgery is a primary source of revenue in a hospital, and scheduling of surgery can significantly impact surgeons’ and 
patients’ satisfaction and thus revenue. The major objective in surgery scheduling is to minimize the amount of waiting 
time for patients and maximize the utilization of the operating rooms while considering the needs of surgeons. In this 
process, accurately estimating surgery durations is among the most important factors. Using data from a large 
Midwestern hospital, surgery duration estimations were compared to actual durations in a one-year period for the top 
surgeries. Statistically, a significant difference between actual and estimated durations has been identified. With the 
goal of decreasing the difference between the estimated and actual durations, multiple linear regression models were 
created for the most common surgeries and used to analyze the impact various characteristics of surgery cases have 
on the duration. Due to the high variability of the data, the regression method was not found particularly effective in 
identifying significant correlations in the input characteristics.  
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1. Introduction 
Surgery is a vital source of revenue for hospitals. It is estimated that 40% of a hospital’s costs and 68% of its revenue 
come from surgery [1]. As health care costs rise in the United States [2-4], improving the efficiency of surgery 
scheduling has become an area of focus for both medical providers and researchers. The core component of an 
effective surgery schedule is accurate surgery duration estimations, as it affects many areas in the hospital. As 
technology becomes more prevalent in administrative duties of hospitals [5], historical data is becoming more readily 
available. However, there are challenges when relying on computer programs to use historical data to make scheduling 
decisions. When the surgeons estimate the surgery time, they are able to assess the individual patient’s case and the 
complexity of it in ways a computer system cannot assess from historical data alone.  
 
Surgery schedulers are key to an effective scheduling process. How they interact with surgeons can determine surgeon 
satisfaction [6]. They also make final decisions on surgery duration estimations and the schedule based on surgeon 
input and historical data. With surgery durations as the key to an effective schedule, accurate estimation of surgery 
duration is highly important. This has been a focus within literature for the past several years [7, 8].  
 
Use of sample means and medians from historical data to estimate surgery durations have been studied extensively in 
the literature. Dexter et al. [7] found the sample means to be a more reasonable method to predict the duration of a 
series of cases and turnovers than linear programming because some cases do not occur as often. In a method similar 
to using sample means, Broka et al. [9] found median duration times from historical data individualized by surgeon in 
a one year period useful in accurate prediction of future durations. On the contrary, Zhou et al. [10] found surgeon 
and procedure type to be critical and most indicative of duration, but found historical data of average durations not 
helpful in predicting future durations.  
 
Several studies investigated the accuracy of surgeon predictions. Laskin et al. [11] found that oral and maxillofacial 
surgeons tend to overestimate duration times more than underestimate. Joustra et al. [12] focused on getting optimal 
prediction of surgery durations using historical data and data mining analysis methods. Using statistical methods, 
specifically the Burr distribution, was found to be more accurate than surgeon estimates. In addition to this, the 
surgeon’s estimation was found vital to the estimation when used in combination with the statistical methods.  
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Surgery duration estimates made by surgeons have also been compared to duration estimates resulting from regression 
models. Eijkemans et al. [8] compared surgeon predictions to a lognormal regression model using several predictors, 
including the surgeon prediction, level of the team, and patient characteristics, such as, age and gender. Boyle et al. 
[13] looked at five different statistical methods and found linear regression with eleven variables to most accurately 
predict emergency room admissions. Wright et al. [14] found surgeons to be more accurate than regression.  
 
In this paper, we compare surgery estimations to actual surgery times using data for the top four procedure types at a 
large Midwestern hospital. The actual durations are then used to create a multiple linear regression model for each 
procedure type with five input variables, and trends of the impact of each variable is compared. Results of this 
comparison prove multiple linear regression methods to be an inadequate method to gain comprehensive knowledge 
on the impact of each input variable. These findings can provide managerial insight for hospital surgery scheduling.  
 
The rest of the paper is structured as follows. In section 2, the general methods are introduced. In section 3, the case 
study using a major hospital system in Iowa is presented. Details on the comparison of estimated and actual durations, 
identification of the top procedure types, linear regression models for each procedure type are included. Analysis of 
results is also presented. The paper concludes with summary and discussions in section 4.  
 
2. Methods 
To compare surgery duration estimates recorded by surgery schedulers to reality, a t test was conducted. The top four 
procedure types in the data set were identified and split. This reduced the sample size significantly, making it more 
appropriate for a t test and allowing comparison of estimation accuracy for each procedure type against other procedure 
types. For each of the top four surgeries, a t test was completed, comparing the estimated time versus the actual time. 
Data were further broken down into the top surgeons within each procedure type and a t test was completed for each. 
Isolating the surgeons within each procedure type allows identification of surgeons who are more accurate than others.  
 
In addition to the comparison of actual and estimated durations, multiple linear regression models were created using 
JMP statistical software for each of the data sets identified in the t test process, with the aim to identify key variables 
affecting surgery duration. Independent variables can be added based on the data available. In this case, age of the 
patient, anesthesiologist, operating room (OR), number of residents, and day of the week were the independent 
variables. The estimates and p values for each variable were then compared across all models to identify consistencies 
in the positive or negative impact of each variable on the procedure duration, the dependent variable. 
 
3. Case Study 
The surgery scheduling process in the hospital system which is a level one trauma center and teaching hospital in Iowa 
was evaluated and data from September 2013- 2014 were used. The data include 13,874 cases.  
  
3.1 Comparison of Estimated and Actual Surgery Durations 
The biggest challenge surgery schedulers face is accurately estimating surgery durations. Current practice is to ask the 
surgeons to estimate the surgery time and then add a fixed amount of time for cleanup. This is consistent with Broka 
et al. [9]. The estimate by the surgeon is then compared to the average for the last ten surgeries for that procedure type 
and surgeon, based on the electronic medical record database. If the surgeon’s estimate is significantly different, the 
specialty team leader will look into the reason and make a decision on the final estimate.  
 
Over the one year period, 80% of the time the surgery cases started late and only 1.4% of the time started exactly on 
time. To further assess the magnitude of this problem, t tests were used to compare estimated duration versus actual 
times of surgeries. The top four surgeries by count were evaluated, both for all of the surgeons collectively and each 
of the top surgeons separately. We defined the top surgeons as those that performed at least 10% of the total number 
of cases done with that procedure. The procedures evaluated were Laparoscopic Cholecystectomy (Lap Chol), 
Esophagogastrodueodenoscopy (Esophag), Cystoscopy (Cyst), and Insert Port Vascular Access (IPVA). 
Lapraroscopic Appendectomy (Lap App) was also a top surgery, but was not evaluated because 64% of the cases are 
emergency procedures, and therefore were not scheduled in the surgery scheduling process. These five procedure 
types make up 9.3% of the total surgeries performed in that span of time. Because the estimates were based on 
historical data, the surgeons did not know the estimates were being analyzed, eliminating a source of bias. For our 
purposes, we eliminated data points that were not complete and assumed the rest of the data was recorded accurately. 
The emergency surgeries were also eliminated, as they were not estimated using the same process as the elective 
Olsen and Hu 
surgeries. Twenty minutes were subtracted from each estimated time to account for the cleanup time the schedulers 
added in. The actual time does not include the cleanup time. Significant outliers, defined as those greater than six 
times the standard deviation (6σ) were removed. The results of the t test are shown in Table 1. 
 
Table 1: t test results 
Procedure Surgeon p value Std dev Mean Lower CI Upper CI 
Cyst All 0.00 52.32 10.16 3.21 17.12 
Cyst 1 0.05 55.54 8.94 -0.02 17.90 
Esophag All 0.00 8.59 -3.77 -4.85 -2.70 
Esophag 2 0.00 5.52 -5.27 -6.46 -4.08 
Esophag 3 0.00 6.27 -4.58 -6.12 -3.03 
Esophag 4 0.53 11.06 -0.95 -3.94 2.05 
Esophag 5 0.00 6.59 -5.00 -7.46 -2.54 
IPVA All 0.00 17.51 11.70 9.31 14.10 
IPVA 6 0.00 13.31 7.65 3.46 11.84 
IPVA 7 0.00 10.49 7.00 3.73 10.27 
IPVA 1 0.00 17.55 11.90 6.21 17.59 
Lap Chol All 0.00 26.10 15.25 11.42 19.08 
Lap Chol 8 0.00 17.86 18.56 13.38 23.75 
Lap Chol 9 0.06 21.88 8.00 -0.32 16.32 
Lap Chol 10 0.00 17.54 13.17 7.97 18.38 
Lap Chol 11 0.62 41.72 5.71 -18.38 29.80 
 
A positive number in the mean and confidence intervals (CI) represents that the actual time took longer than the 
estimated time; in other words, the time was underestimated. All four of the surgery types with all of the surgeons 
included had statistically different values (p<.05) for actual time versus estimated time. Only 25% of the cases looked 
at were not statistically different. The trend was towards underestimating, which is consistent with Broka et al. [9]. It 
is worth noting that Esophag was almost always overestimated in time and the others were always underestimated in 
time. This portrays that completing t tests for each surgery type and surgeon can pinpoint procedures that are usually 
accurately estimated and surgeons who are better at estimating than others. The surgery schedulers often deduce this 
over time, but having this information could be used to train new schedulers and reduce the learning curve.   
 
These results support the thought that estimating surgery durations is the core of the problem for surgery schedulers, 
and accurate estimates are essential to the entire schedule. One long surgery can throw off the rest of the day, and one 
short surgery can mean underutilization of the hospital’s resources.  
 
3.2 Impact of Variables Using Multiple Linear Regression 
Factors affecting how long a surgery takes vary immensely. In order to evaluate the impact of these factors, multiple 
linear regression models were analyzed. The same one year period of historical data was analyzed, looking at the 
procedure start to procedure end time as the dependent variable, as well as the corresponding information for the 
independent variables. The procedure time does not include anesthesia time or cleanup time, and therefore eliminates 
sources of variability. A model was created for each of the top four surgeries by count and the surgeons who make up 
at least 10% of the cases for that procedure in the data set. In this case, Lap App was included and Cyst was not. Even 
though 64% of the Lap App cases were emergency, there is no reason to think the durations are affected by the 
variables looked into differently than non-emergency cases. Cyst was not used in the regression model because of its 
high standard deviation compared to the other procedure types (1.8-4.7 times higher).   
 
JMP statistical software was used. The hospital schedulers and their electronic medical record software already take 
procedure type and surgeon into account, as is consistent with Strum et al. [15]. The additional variables included in 
the model were age of the patient, anesthesiologist, OR, number of residents, and day of the week. These variables 
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were chosen because of the data availability, and they realistically could have an impact on the duration. Models were 
created for each of the top four surgeries with all surgeons included as well. The same independent variables were 
included with the addition of surgeon.  
 
After each model was created, the estimate, also called the β value, of each variable was recorded, as well as the p 
value. To allow consistent comparison among models, each estimate was recalculated compared to a base value. The 
base value for each variable was chosen to be a variable that appeared in each model. A Microsoft Excel Pivot Table 
was then created, making it possible to compare certain the parameters for variables across all models.  
 
3.3 Results 
The results reveal that multiple linear regression is not ideal for determining the impact of the variables on surgery 
duration. The R2 values for the models varied. Esophag had a high R2 value, showing that the variation in the surgery 
duration is well represented with the independent variables, which is consistent with the t test results for Esophag. 
 
Nineteen total regression models were created. Within all four top surgeries combined, there were 40 different 
anesthesiologists, 15 different operating rooms, 42 different surgeons, and six different days (excluding Saturday). 
Including the variables of patient age, and whether residents are present in the operating room (a binary variable), 
there are a total of 106 independent variables. The maximum number of models in which one variable is significant 
was 19, the minimum was 1, and the average was 6. For example, Anesthesiologist 1 was included in 15 of the 19 
regression models, meaning the variable has 15 different β values. A comparison of the β values shows if there is a 
consistency in the impact Anesthesiologist 1 has on the surgery duration across the different procedure types.  
 
Looking at these comparisons, there were some consistencies. The strongest one was that the patient age did not have 
a large impact on surgery duration. For each year of age, only a fraction of a minute is added to the duration, evident 
by the average β value of -0.1. The average p value was 0.51, which is significantly higher than α=0.05, which means 
the impact of age is insignificant; therefore, we recommend it is eliminated as a potential variable to consider for the 
surgery schedulers.  
 
Residents are commonly present in the hospital investigated in the case study, as it is a teaching hospital. Overall in 
the data, there was at least one resident present 35% of the time. It is highly dependent on the procedure type, as some 
procedures are more conducive to learning; therefore, investigating the impact of residents was found to be difficult. 
The estimates varied, and the p values were significantly higher than α=0.5.   
 
For all of the other variables, trends have not been significant. An example of the comparison of β and p values for 
one of the ORs is given in Table 2. To understand the impact the variable, has on the duration, the p values and 
adjusted β values must be compared. For OR 04, almost all of the p values were significantly larger than α=0.05, 
meaning that variable is not statistically significant to the estimation of surgery duration. Furthermore, the adjusted β 
values varied, which signifies that particular room had a positive impact for some surgeons and a negative impact for 
others. It must be noted that the amount of data points these estimates are created from vary tremendously. For 
example, Surgeon 2 performed Esophag in OR 04, 21 times in a year’s period, but Surgeon 5 only performed a Lap 
App procedure in OR 04 once, making the estimate for Surgeon 5 for Lap App potentially less accurate. These 
inconclusive results were common among the majority of the variables.  
 
Scarcity of portions of data makes it difficult to put full confidence in all of the estimates in the models. Before making 
recommendations based on the estimates, the number of data points for each estimate must be investigated. If there 
exist significant data in each model and the R2 values are significant, the models could be used to assess if certain 
factors played a significant part in the duration. For example, certain procedures may be done better in certain rooms, 
or certain anesthesiologists may perform better than others. With the data from a one-year period analyzed in this 
paper, this was difficult to determine.  
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Table 2: OR 04 Regression Results 
 
 
Although it proved to be difficult to assess many of the variables, the results did confirm that the surgeon did matter. 
Each individualized model was different than the overall model, and often significantly different from the others of 
that procedure type. When an overall model was created for each procedure type, the surgeon was included as a 
variable. The estimates were significantly different, as portrayed in the values for Esophag, shown in  
 
Table 3. This is consistent with Strum et al. [15]. 
 
Table 3: Esophag model with all surgeons 
 
 
4. Conclusion 
Estimating surgery durations is a challenge for surgery schedulers, as supported by a t test comparing the estimated 
surgery durations to actual surgery durations using data from a one year period at a regional hospital in Iowa. To 
OR[OR 04] p-value Estimate (β) Adjusted β Std Error
Average 0.56 -4.5 -4.05 18.49
Esophag
Surgeon 1 0.23 -3.8 -1.41 3.09
Surgeon 2 0.13 -11.8 0.53 7.59
Surgeon 3 0.83 1.8 2.60 8.07
Surgeon 4 0.59 6.2 3.34 10.77
All Surgeons 0.02 -4.2 -9.08 1.86
Lap App
Surgeon 5 0.59 17.2 18.82 31.51
All Surgeons 0.94 -1.2 -3.61 18.02
Lap Chol
Surgeon 6 0.52 -43.1 -43.09 60.81
All Surgeons 0.74 -4.8 -13.10 14.65
IPVA
All Surgeons 0.98 -0.8 4.46 28.49
Esophag p-value Estimate Std Error
Average 0.47 -1.8 20.17
Surgeon 1 0.41 -12.3 14.73
Surgeon 2 0.01 31.2 11.02
Surgeon 3 <.0001 69.4 10.69
Surgeon 4 0.64 5.4 11.80
Surgeon 5 0.00 36.0 10.84
Surgeon 6 0.38 7.9 8.97
Surgeon 7 0.55 5.5 9.11
Surgeon 8 0.98 -0.4 15.07
Surgeon 9 0.94 1.2 14.93
Surgeon 10 <.0001 87.1 14.34
Surgeon 11 0.75 2.9 8.96
Surgeon 12 0.62 -7.6 15.23
Surgeon 13 0.03 -293.0 136.59
Surgeon 14 0.83 2.0 9.18
Surgeon 15 0.23 18.0 14.92
Surgeon 16 0.26 18.4 16.40
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understand the impact of the variables that go into a surgery, multiple linear regression models were created for each 
of the top four procedure types. The models included variables of age of the patient, anesthesiologist, OR, number of 
residents, and weekday. The models proved to be ineffective in drawing significant conclusions based on the limited 
amount of data for certain variables. This is consistent with the conclusions in reported in Zhou et al. [10].  
 
This result can be applied to hospitals of all sizes and locations. This model would certainly not be useful in small 
hospitals with limited data, and even in large hospitals, challenges are presented. Our suggestion is to use historical 
data to check surgeon estimates, but not to solely predict or identify strong trends in input variables. Another 
suggestion is to break down the surgery duration estimation given by the surgeon into subsets, such as anesthesia, 
procedure, and cleanup. This will ensure that the surgeons are all using the same standards to estimate. 
 
Future research opportunities include trying logarithmic transformations of regression variables and trying it with 
more data than a one-year period. More surgeries and surgeons could be analyzed in addition to the top four analyzed 
in this study, especially with the t tests comparing estimated and actual duration times. Interactions between more 
variables can be added, and other variables can be investigated. Different parts of the surgery process than procedure 
time can be analyzed statistically as well, including anesthesia time and clean up time. Due to the nature of health 
services, surgery duration estimation will remain a challenge. Small steps toward understanding and predicting surgery 
durations can be made, and have significant impact on the success of a hospital.   
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